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A comparison between two algorithms for estimating soil moisture with microwave
satellite data was carried out by using the datasets collected on the four Agricultural
Research Service (ARS) watershed sites in the US from 2002 to 2009. These sites
collectively represent a wide range of ground conditions and precipitation regimes
(from natural to agricultural surfaces and from desert to humid regions) and provide
long-term in-situ data. One of the algorithms is the artificial neural network-based
algorithm developed by the Institute of Applied Physics of the National Research Council
(IFAC-CNR) (HydroAlgo) and the second one is the Single Channel Algorithm (SCA)
developed by USDA-ARS (US Department of Agriculture-Agricultural Research Service).
Both algorithms are based on the same radiative transfer equations but are implemented
very differently. Both made use of datasets provided by the Japanese Aerospace
Exploration Agency (JAXA), within the framework of Advanced Microwave Scanning
Radiometer—Earth Observing System (AMSR-E) and Global Change Observation
Mission—Water GCOM/AMSR-2 programs. Results demonstrated that both algorithms
perform better than the mission specified accuracy, with Root Mean Square Error
(RMSE) ≤0.06m3/m3 and Bias <0.02m3/m3. These results expand on previous
investigations using different algorithms and sites. The novelty of the paper consists of the
fact that it is the first intercomparison of the HydroAlgo algorithm with a more traditional
retrieval algorithm, which offers an approach to higher spatial resolution products.
Keywords: AMSR-E, microwave emission, soil moisture, validation, inversion algorithms
Introduction
The systematic and timely monitoring of land surface parameters that affect the hydrological cycle
at a variety of spatial scales is of great importance in gaining a better understanding of geophysi-
cal processes and for the management of environmental resources and natural disasters. Since soil
moisture content (SMC) plays a major role in both research and applications, its estimation and
mapping, even at coarse spatial scales, is vital to supporting global monitoring activities and climate
change analyses and predictions.
Over the past decades, as a result of the availability of several satellite-based sensor systems with
suitable frequencies for estimating SMC, global mapping of soil moisture has become a reality.
This began with the AMSR-E (Kawanishi et al., 2003) and WindSat (Gaiser, 2004) sensors, and
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it will continue for many years with the new generation AMSR
radiometer onboard the Japanese Aerospace Exploration Agency
(JAXA)/G-COM satellite (Shimoda, 2009). In addition, we now
have a dedicated soil moisture satellite, the European Space
Agency (ESA) Soil Moisture and Salinity Mission (SMOS), (Kerr
et al., 2010), with another planned for 2014, the National Aero-
nautics and Space Administration (NASA)’s Soil Moisture Active
Passive (SMAP) mission (Entekhabi et al., 2010). With these mis-
sions, the routine production of global SMC maps in near real
time is now supported by space agencies (e.g., ESA, NASA, JAXA,
CONAE—the Argentinian “Comision Nacional de Actividades
Espaciales”).
Mission and algorithm design are driven by user needs tomeet
the requirements on accuracy, computational time and spatial
resolution. Validation of soil moisture products is also necessary
to ensure the quality of information and to provide the user with
an assessment of its accuracy and reliability.
Several approaches are available in the literature for generating
SMC maps from AMSR-E data, (e.g., Jackson, 1993; Owe et al.,
2001; Shibata et al., 2003; Paloscia et al., 2006; Jackson et al., 2010;
Santi et al., 2012; Mladenova et al., 2014). Each retrieval algo-
rithm utilizes different combinations of frequencies and polariza-
tions, and different ancillary data. Efforts have been carried out to
assess individual algorithms or to compare subsets of the existing
algorithms, in order to highlight their strengths and weaknesses.
One example of this is the paper by Jackson et al. (Jackson et al.,
2010). Four alternative passive-based products, including the
Single-Channel Algorithm (SCA), developed by the US Depart-
ment of Agriculture (USDA), were compared with SMC ground
values in (Jackson, 1993). Results showed that long time series
of ground observations for a number of well characterized sites
is very valuable in comparing algorithms. Unfortunately, only
a few such sites are available. A more recent effort of compari-
son between different algorithms was described in (Mladenova
et al., 2014), where a detailed theoretical inter-comparative study
was carried out, although this paper does not offer any actual
quantitative error-based accuracy assessment analysis.
In this paper we conduct the first comparison of an algorithm
that uses a retrieval approach based on artificial neural networks
(ANN) and was developed by the Institute of Applied Physics of
the National Research Council (IFAC-CNR) (HydroAlgo) (Santi
et al., 2012) with, the Single-Channel Algorithm (SCA) developed
by the USDA (Jackson, 1993), which follows a more traditional
retrieval approach. In this case, for a more in-depth compari-
son between two of the algorithms was performed, by analyzing
a wide dataset collected on different test areas in various sea-
sons and by giving statistical figures of the comparison between
the two methods. The linkage of these algorithms is that both
have been applied as research algorithms within the framework of
the NASA and JAXA ADEOS-II/AMSR-E and GCOM/AMSR-2
programs.
The paper is structured as follows: after the introduction, the
two algorithms are described in Section II, and in Section III
the Agricultural Research Service (ARS) watersheds are briefly
described. In Section IV the results obtained from the algo-
rithm comparison are shown, and, finally, in Section V some
conclusions are drawn. Results demonstrate that both algorithms
perform within the JAXA mission specified accuracy with a
RMSE ≤0.06m3/m3 and Bias<0.02m3/m3.
Description of the Algorithms
HydroAlgo
The HydroAlgo utilizes the basic radiative transfer equation, in
the simplified tau-omega formulation (Mo et al., 1982), which is
inverted through an artificial neural networks (ANN) approach.
HydroAlgo uses the low-frequency AMSR-E observations at 6.8
GHz (C-band), 10.65 GHz (X-band) and 18.7 GHz (Ku-bands),
for estimating SMC and correcting for vegetation effects. A
unique aspect of this algorithm is that it also incorporates a pro-
cedure for enhancing the spatial resolution of the lower frequen-
cies as one of the first steps. The core of the algorithm is an ANN,
having as inputs the brightness temperature at C band in V polar-
ization, the polarization indices at 10.65 and 18.7 GHz (X and
Ku bands) (PI= 2∗(TbV −TbH)/(TbV+TbH)) and the brightness
temperature at 36.5 GHz (Ka-band), V polarization. C band, i.e.,
the lowest AMSR-E frequency, was chosen for its sensitivity to
the SMC, slightly influenced by the low vegetation. Soil moisture
retrieval is, in fact, expected to perform well in areas with vegeta-
tion water content less than 4–5 kg/m2, provided the necessary
corrections for vegetation effects have been made (Santi et al.,
2010, 2012). The polarization indices at X and Ku bands are used
to account for the effect of vegetation on soil emission (Paloscia
and Pampaloni, 1988), and to detect the densely vegetated targets,
where the SMC cannot be retrieved. The brightness temperature
at Ka band, V polarization, was assumed to account for the effect
of diurnal and seasonal variations of the surface temperature on
microwave brightness (Njoku and Li, 1999).
This algorithm was developed and tested using the large set
of microwave data and in situ observations collected over Mon-
golia and the Murrumbidgee watershed, in Australia, that were
provided by JAXA (Yang et al., 2009; Smith et al., 2012). Data
have been separated for ascending and descending orbits. Since
the dataset was not large enough for training the ANN, it was
enhanced by using data simulated using the simplified tau-omega
form of the radiative transfer model (Mo et al., 1982). The inputs
of themodel were randomly varied in a range derived from exper-
imental data and are the following: SMC (0.05–0.45m3/m3),
surface temperature (275–320 K), vegetation optical depth (τ)
at all frequencies, and vegetation single scattering albedo (ω).
The range of optical depth and single scattering albedo used at
C-band are: τ = 0.16–1.1 and ω = 0.03–0.08. At the higher
frequencies, τ and ω values were derived from C-band values
using the relationship established in (Santi et al., 2010, 2012).
Model simulations were iterated for each input vector of surface
parameters, obtaining a training set of 10,000 brightness temper-
atures at all the AMSR-E bands and polarizations. Two ANNs
have been trained separately for ascending and descending orbits.
The training was carried out considering the microwave data as
inputs, and the SMC as output. The implemented ANN was a
feedforward multilayer perceptron (MLP), with a certain number
of hidden layers of neurons between the input and the output.
In MLPs, successive layers of neurons are fully interconnected,
with trainable connection weights that control the strength of
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the connections. The algorithm chosen for the training phase was
the back-propagation learning rule, which is an iterative gradient
descent algorithm that is designed to minimize the mean square
error between the desired target vectors and the actual output
vectors (Hornik, 1989; Linden and Kinderman, 1989; Santi et al.,
2012). After the optimization process, a configuration with two
hidden layers of 10 perceptrons each was defined. The test of
the ANN was carried out on half of the experimental dataset not
considered for training. The final validation of the algorithm was
carried out using data collected on a watershed in Northern Italy,
characterized by aMediterranean environment (Santi et al., 2012,
2010). The steps of the algorithm (see the flowchart in Figure 1)
are as follows:
• Extraction of Tb from the Hierarchical Data Format (HDF)
files provided by the National Ice and Snow Data Center
(NSIDC) or JAXA that contain the calibrated and geocoded
acquisitions of AMSR-E from the NASA Aqua satellite at C, X,
Ku, and Ka-band for both polarizations (H, V).
• Check for anomalous data and for the presence of Radio-
Frequency Interference (RFI) at C and X-bands. The check
for RFI was carried out by using a simple threshold method,
and all data with amplitudes exceeding this threshold were
eliminated from the dataset (Njoku et al., 2005).
• Application of the multi-sensor image fusion procedure, based
on the SFIM (Smoothing Filter-base Intensity Modulation)
technique, to enhance the spatial resolution of the low fre-
quency channels up to values close to the pixel size (10 × 10
km) and to reduce the effect of mixed pixels (Liu, 2000; Santi,
2010).
• Computation of the Polarization Indices (PI) at X and Ku-
band (PIXand PIKu) for estimating vegetation biomass and
of the Frequency Index (FI=[(TbKuV − TbKaV)+(TbKuH −
TbKaH)]/2) for detecting the snow cover (Macelloni et al.,
FIGURE 1 | Schematic representation of the HydroAlgo retrieval
algorithm. HydroAlgo is based on an Artificial Neural Network (ANN)
approach, where the training step is done using both in situ observed and
simulated data. Soil moisture retrieval is carried out using C-band AMSR-E TB
observations.
2003). The use of PIXand PIKu allows separating deserts and
poorly-vegetated areas, where SMC can be estimated, from
forests and dense vegetation regions, where retrieval is unre-
alistic due to the high attenuation induced by vegetation. This
effect is particularly evident at X band, which is consequently
themost suitable frequency for quantifying vegetation biomass
and was also used in this paper to correct the effect of low veg-
etation on the SMC estimate (Paloscia and Pampaloni, 1988;
Paloscia et al., 2006; Santi et al., 2012).
• “Per pixel” estimation of SMC from input data using
the trained ANN. The algorithm selects the proper ANN
depending on the orbit direction, ascending or descending.
• Masking of deserts, dense vegetation, snow cover and open
water, where SMC cannot be reliably estimated. This process is
basically performed by using PIX for dense vegetation (PIX <
0.05, corresponding roughly to a vegetation water content of
about 3–4Kg/m2) and for deserts (PIX > 0.1), FI> 4 for snow
cover (Paloscia and Pampaloni, 1988; Macelloni et al., 2003;
Santi et al., 2010, 2012).
• Generation of output SMC maps and report files containing
the output SMC estimates for the desired test areas.
Two approaches were used for testing the HydroAlgo algorithm
with the ARS dataset,
a. Unsupervised approach: the ANN algorithm described above
(ANN1) was directly applied to the ARS data,
b. Supervised approach: in an effort to improve the retrieval
accuracy, a part of the ARS dataset (10% of available dataset)
has been randomly selected and included into the training set
described above. The procedure has been replicated, in order
to check if a different data selection would lead to different
results, and the ANN training has been repeated. The new
ANN (ANN2) trained with this updated dataset was tested on
the remaining 90% of the ARS dataset.
SCA
The SCA (Jackson, 1993; Jackson et al., 2010) is based on the
radiative transfer equations and uses the available channel that is
most sensitive to soil moisture, which, for AMSR-E is the 10.65-
GHz (X-band) in Horizontal polarization. The presence of radio-
frequency interference at 6.9 GHz has very often limited the use
of these observations inmany soil moisture algorithms, especially
over the U.S. (e.g., Njoku et al., 2005). SCA has been extensively
described in the literature, validated with in situ data, and com-
pared with alternative microwave soil moisture products under a
wide range of ground conditions and climate regimes (Jackson,
1993; Jackson et al., 2002, 2010; Crosson et al., 2005; Bindlish
et al., 2008); therefore, we will only briefly introduce the main
algorithm components here.
The model is based on an inverse solution of the radiative
transfer model, with the following basic assumptions that are
made in most algorithms:
a. Soil effective temperature is considered equal to the canopy
effective temperature, and
b. The ground is assumed to be homogeneous within the satellite
footprint.
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The effective surface temperature is required in order to compute
the effective emissivity of the ground surface and is approxi-
mated using a function based on the 37GHz vertical polarization
AMSR-E observations (De Jeu and Owe, 2003). The resulting
emissivity estimate is then corrected for the effects of vegeta-
tion by expressing the optical depth (τ) in terms of the Veg-
etation Water Content (VWC) using the following expression:
τf ,p = bf ,pVWC, where bf ,p is a vegetation attenuation param-
eter, and f and p stand for frequency and polarization, respec-
tively.VWC is based onNDVI following (Jackson and Schmugge,
1991; Wen et al., 2005). Roughness effects are accounted for by
applying a well-known roughness correction model (Choudhury
et al., 1979). Although the roughness parameter is expected to
vary temporally and spatially, it is very difficult to provide reli-
able information for characterizing this variability. Therefore, we
have assumed a constant value of 0.1.
The corrected emissivity is then related to the dielectric prop-
erties of the soil after assuming that the conditions of the Fresnel
equations apply. Finally the SMC is estimated by using a dielectric
mixing model (Wang and Schmugge, 1980) along with ancillary
soil texture data. For this investigation, the revised AMSR-E level-
2 (orbital footprint observations) brightness temperature data
(versionV10) available fromNASAwere used as input to the SCA
to estimate soil moisture.
The algorithm requires ancillary inputs that include NDVI
(vegetation parameterization) and soil texture (estimation of
the soil dielectric constant). Figure 2 shows a flowchart of the
model.
Test Areas
In order to conduct the algorithm comparisons, data from
the four ARS experimental watersheds were used (Figure 3).
These watersheds have dimensions compatible with the AMSR-
E footprint at the frequencies used in the two algorithms:
X-band (namely 46 × 27 km2), and C-band (namely, close to
10 × 10 km2, with the application of the SFIM procedure).
These sites are well-instrumented and characterized and have
been the focus of several AMSR-E validation campaigns (Jack-
son et al., 2005; Bindlish et al., 2006, 2008, see also http://
nsidc.org/data/amsr_validation/). The vegetation characteristics
in the selected watersheds represent typical conditions in specific
climate regions, which cover a range of semi-arid to humid. All
watersheds have multiple surface soil moisture and temperature
sensors (5 cm depth). Since 2002, a number of investigations have
been conducted to verify and calibrate the network sensors and
to characterize the scaling behavior and how well the network
represents the spatial average. A key component of both cali-
bration and scaling of the watershed soil moisture networks for
satellite validation has been a series of short-term and large-scale
intensive field campaigns that have provided a bridge between
the point and the footprint scales (e.g., Cosh et al., 2004, 2005;
Jacobs et al., 2004; Jackson et al., 2005; Bindlish et al., 2006, 2008).
As a result of these studies, we have a high degree of confidence
that the watershed average soil moisture data being produced
by the networks represent the average near-surface condition.
Characteristics of the individual watersheds are:
FIGURE 2 | Schematic representation of the Single Channel Algorithm
(SCA). SCA is based on an inverse solution of the radiative transfer model. It
requires limited amount of ancillary data. The algorithm is run using X-band
AMSR-E data.
• Little Washita (OK): 20 soil moisture stations in a region
dominated by the presence of rangeland and pasture plus
some agricultural crops. The climate is sub-humid with about
750mm annual precipitation. The size of the area is 610 km2.
• Little River (GA): 29 soil moisture stations and heavily veg-
etated (predominantly forests, croplands, and pasture). The
climate is characterized by hot humid summers and short mild
winters (with about 1200mm annual precipitation). The size
of the area is 334 km2.
• Walnut Gulch (AZ): 19 soil moisture stations, with brush
and grass cover and characterized by a semiarid climate (with
about 324mm annual precipitation). The size of the area is
148 km2.
• Reynolds Creek (ID): 19 soil moisture stations in a rangeland
dominated area, with snow dominated precipitation. The size
of the area is 238 km2.
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FIGURE 3 | Geographyc location of the ARS watersheds. As illustrated
by the image, the four watersheds provide a large variety of vegetation
conditions and climate regimes.
Results of the Algorithm Intercomparison
AMSR-E data collected on the ARS watersheds from 2002 to
2009 were used for this intercomparison, together with the cor-
responding ground truth data. Due to the diurnal variations in
surface soil moisture that occur during the day and the sensitivity
of retrievals to assumptions about the near surface temperature
and moisture profiles, data from the ascending and descending
orbits were analyzed separately.
In Figure 4, the SMC estimated for each test area using
HydroAlgo is plotted against the SMC measured on the ground:
(a) ANN1 (unsupervised approach) and (b) ANN2 (supervised
approach). The second approach, which added a part of the ARS
dataset (10% of available dataset) to the original training set of
the ANN, gave generally better results than ANN1 did. Data
have been separated into ascending (top) and descending (bot-
tom) orbits. The comparison between the performance of the two
ANN is shown in Table 1, where the correlation coefficient (R),
RMSE and Bias obtained for different sites are reported. R-values
obtained from ANN2 are seldom higher than 0.6–0.7, and more
frequently around 0.5.
In Figure 5 the results obtained using the SCA are shown. The
results are similar to those obtained with the supervised approach
(ANN2) of HydroAlgo, at least from a qualitative point of
view.
The comparison of the performance between SCA and the two
ANN of the HydroAlgo soil moisture algorithms is summarized
inTable 1 in terms of correlation coefficients (R), RMSE and Bias.
The comparison was carried out for the four areas and separately
for ascending and descending orbits.
SCA and HydroAlgo (ANN2) have performance results with
R higher than 0.5 for descending orbits. Both algorithms had a
RMSE ≤0.06m3/m3 and Bias <0.02m3/m3, which can be con-
sidered good performance, since it is less than the AMSR-E
mission SMC accuracy requirement. The spread of data can be
attributed to the spatial variability within the test areas and the
rather large time interval covered by the dataset (8 years).
For both algorithms, Walnut Gulch, which is a site character-
ized by a narrow range of low SMC, had the poorest results. This
is attributed to the fact that, at SMC lower than 0.10–0.15m3/m3,
the sensitivity of microwave emission to dielectric constant varia-
tions is low, and consequently to soil moisture. Better results were
obtained on Little Washita and Little River, both of which are
covered by herbaceous vegetation. The areas covered by higher
levels of vegetation (forests and croplands) in Little River were
masked. Reynolds Creek, due to the long winter season and fre-
quent snowfall, gave ambiguous results due to the procedures
used for masking snow cover. Both algorithms tend to underesti-
mate the higher SMC values, as can be observed from the values
of the trend line slopes, which are lower than 1.
Furthermore, AMSR-E data derived from ascending orbits
(early morning) seem to perform slightly better than data from
descending orbits (early afternoon). This could be due to the
influence of the soil and vegetation temperatures, which are
assumed to be in equilibrium when solving the τ—ω model,
which is a common assumption for both algorithms. This
assumption is less likely to be valid in the middle of the
day (descending overpasses), when large temperature gradients
between soil and vegetation can hamper soil moisture inversion.
The soil microwave emission, in fact, originates from the top
surface layer and the contributing depth depends on the dielec-
tric characteristics of the near-surface moisture profile, being
shallower for higher frequencies and for wetter soils. At night,
the soil moisture and temperature profiles are more uniform as
compared to early afternoon, and the soil–vegetation tempera-
ture differences are smaller. Thus, the early morning AMSR-E
SMC retrievals are expected to have less modeling error than the
early-afternoon observations (Njoku et al., 2003; Gruhier et al.,
2010).
Following these tests, the two algorithms were applied on a
global basis. As an example, SMC maps of the entire globe were
produced for two different seasons for a single year (i.e., Jan-
uary and July, 2003). The SMC maps are shown in Figure 6 (a:
HydroAlgo and b: SCA). In the maps, the masked areas (snow
cover, very dense vegetation, etc.) are represented as gray areas,
whereas water bodies are blue. The masking of these areas was
performed independently by the two algorithms using different
methods. This is the reason for the different gray zones in the
two maps, especially for snow cover areas visible in China and
North America, and some equatorial forests. Although no ground
data are available for validation of the global products, we can
note that the SMC regional and temporal variations are in rea-
sonable agreement with the climatic conditions of the different
areas and with the seasons. Very low SMC values can be observed
in desert or semi-arid areas, whereas a marked spatial variabil-
ity of SMC can be observed in areas characterized by temperate
climate and consequently moister conditions (e.g., Europe, US,
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FIGURE 4 | Temporal agreement between the HydroAlgo-derived
SMC and the ARS in situ data, where the upper (A) and the
lower (B) half of the image summarize the results obtained
using the ANN1 and the ANN2 scenarios, respectively. In this
case, results from the Ascending (A) and Descending (D) overpasses
were analyzed separately and are presented in the top and the
bottom row, respectively. Continuous lines represent the regression
equations and 1:1 lines (red).
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TABLE 1 | Comparison of the performances of the SCA and the two ANN of the HydroAlgo soil moisture algorithms in terms of R, RMSE, and bias for
both ascending and descending orbits.
R RMSE (m3/m3) Bias (m3/m3)
SCA ANN 1 ANN2 SCA ANN 1 ANN2 SCA ANN 1 ANN2
ASCENDING
Little Washita 0.677 0.494 0.611 0.047 0.055 0.046 −0.015 −0.019 −0.006
Walnut Gulch 0.442 0.283 0.545 0.026 0.030 0.019 −0.016 0.001 −0.0003
Little River 0.674 0.564 0.528 0.038 0.039 0.043 0.018 0.013 0.017
Reynolds Creek 0.397 0.730 0.724 0.025 0.054 0.052 −0.014 0.012 0.011
DESCENDING
Little Washita 0.537 0.418 0.575 0.053 0.063 0.048 −0.017 0.03 − 0.008
Walnut Gulch 0.515 0.229 0.505 0.021 0.063 0.02 −0.007 0.047 0.0011
Little River 0.590 0.412 0.598 0.051 0.057 0.039 0.034 0.057 0.0021
Reynolds Creek 0.523 0.660 0.537 0.022 0.081 0.065 −0.010 0.064 0.022
The best results, which correspond to descending passes and ANN2, are highlighted in yellow.
FIGURE 5 | Temporal agreement between the SCA-derived AMSR-E
soil moisture estimates and the ARS in situ data. To avoid the potential
impact of the physical temperature, ascending and descending overpasses
were analyzed separately. Results from the Ascending (A) and Descending
(D) overpasses are presented in the top and the bottom row, respectively.
Continuous lines represent the regression equations.
and Sahel region in Africa). Southern hemisphere shows SMC
variations that are reversed from those of the Northern hemi-
sphere (e.g., in Australia, where on the coasts there is a higher
humidity in summer than in winter). It should also be noted
that SCA bases its retrieval of SMC using X-band data, which are
more influenced by vegetation cover. This can explain some of
the differences between the two maps.
Summary
Two algorithms capable of estimating SMC from AMSR-E
data have been described and compared to each other. One is
the artificial neural network-based algorithm developed by the
IFAC-CNR (HydroAlgo), which uses the lowest frequency chan-
nel of the AMSR-E radiometer (C-band), combined with the
higher frequencies (X- and Ku-bands) in order to correct for
the vegetation effects. The other is the Single Channel Algorithm
(SCA) developed by USDA-ARS, which is based instead on the
X-band channel observations, due to RFI concerns over regions
such as the U.S. Both algorithms employ the radiative transfer
model in the simplified form of the tau-omega model.
In this investigation, the algorithms were validated and com-
pared by using a large (temporal) dataset collected between
2002 and 2009 over four ARS experimental watersheds, which
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FIGURE 6 | An example of spatial variability and resemblance
between the SCA-derived (upper half) and the HydroAlgo-derived
(lower half) soil moisture estimates. On the left, global SMC maps
are shown during Northern Hemisphere winter (January 2003), and on
the right they are shown during Northern Hemisphere summer (July
2003).
approximate the size of AMSR-E footprints. Watersheds are
well-instrumented and characterized and have been used in
several AMSR-E validation studies.
The two algorithms gave approximately the same results
in terms of the statistical metrics examined (R, RMSE, and
bias). Results were even closer when the second ANN (ANN2)
HydroAlgo product, which includes a specific training for the US
sites, was used. These results demonstrated that both algorithms
can meet or exceed the AMSR-E mission soil moisture accuracy
requirement (i.e., RMSE ≤0.06m3/m3 and bias <0.02m3/m3),
for the conditions examined. In general, SCA had R-values that
were between ANN1 and ANN2, whereas the RMSE values were
very close to those of ANN2. In all cases, the biases of ANN1 and
ANN2 were the lowest. Other key aspects of the results were:
• Both algorithms tend to underestimate high SMC values for all
the test areas.
• Early morning AMSR-E overpasses are better suited to soil
moisture retrieval than afternoon overpasses.
• A comparison on a global scale was also performed and
the resulting SMC maps were in general agreement with
the climatic and meteorological conditions of the different
areas.
Based upon the analyses conducted, the main advantages and
disadvantages of the two algorithms are as follows:
• HydroAlgo has the advantage of not being dependent on
dynamic ancillary data. C-band channel provides basic infor-
mation for the retrieval of SMC. Additional information
on surface temperature and vegetation cover, which was
useful for improving the retrieval accuracy of the algorithm,
was obtained from the Tb at Ka-band (V polarization) and
from the polarization index at X and Ku-bands, respectively.
HydroAlgo was able to simulate SMC at a nominal ground res-
olution of 10×10 km, by using a specific algorithm for improv-
ing the spatial resolution of C-band data. A particular strength
of ANN is the computation speed, with respect to other statis-
tical inversion algorithms (e.g., Bayes method), which require
time consuming processing. This makes this algorithm inter-
esting in view of its applicability to global retrieval. However,
long and consistent datasets, obtained from both experimen-
tal activities and model simulations, are required for training a
reliable ANN.
• For this particular application, SCA was applied using X-band
AMSR-E brightness temperature data. SCA can be applied
using either frequency (C or X); however, the X-band chan-
nel was preferred here in order to minimize the impact of
RFI, which is present in the C-band observations. This higher
frequency is expected to be more susceptible to variations
in vegetation biomass as compared to C-band. However, the
combined use of H-pol observations (as opposed to V-pol) and
ancillary data ensures a great sensitivity to soil moisture. SCA
is an algorithm that does not require any training and therefore
can be immediately applied to data.
As they become available, further comparison with more
extended datasets (both spatial and temporal) should also
be carried out, in order to check the performance of
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the algorithms under various environmental conditions (soil
moisture conditions, vegetation growth).
It should be noted that it is extremely difficult to put together
simultaneous datasets for comparing different algorithms on var-
ious surface types, mainly considering the coarse ground resolu-
tion of AMSR-E sensor. At this time, we consider the dataset of
the ARS US test areas as one of the best available for such a com-
parison, due to the large variety of surfaces, climatic conditions
and SMC ranges.
It should also be noted that one of the novelties of the paper
consists of comparing for the first time two rather different algo-
rithms: one (HydroAlgo) based on statistical inversion approach
and the other one (SCA) that is based on the inversion of a simpli-
fied formulation of the radiative transfer theory.Moreover, in this
paper the performance of the two algorithms were evaluated on
the basis of a quantitative analysis, also in terms of the statistical
metrics.
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